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Abstract: Especially during drought events, it is important that water gets properly allocated and
is not misused or wasted. For an effective drought management, it is thus of utmost importance to
raise the awareness of water managers as well as the general public about the drought’s severity. In
this paper, we provide two possible sources of information that can be used to communicate about
drought events. To illustrate our approach, we make use of drought events that were identified in
preceding work as connected components in space and time through the use of operators from the
field of mathematical morphology and summarized in terms of characteristics such as affected area,
duration and intensity. We demonstrate how these drought characteristics can be used to query for
historical drought events that are most similar to an ongoing event, such that lessons learnt from the
management of past events can be incorporated in the management of the ongoing event. Further,
we also demonstrate how a probabilistic model describing the dependence structure between the
drought characteristics is identified and how such model can serve as a basis to estimate the severity
of the event. Both approaches provide information that can be used to communicate to laymen about
the severity of the ongoing drought, which will help them to anticipate the future.
Keywords: drought event; space and time; database query; vine copulas; supercritical event
1. Introduction
Crop failure, water scarcity and reduced energy supply are examples of severe socio-
economic consequences drought events can incur. Major drought events can even lead to
serious human conflicts. Commonly, four types of drought events are distinguished [1]. A
deficiency in precipitation over a large area and a prolonged period of time is the primary
cause of a drought event [2] and is regarded as a meteorological drought. The combination
with high evaporation rates can result in a large period of low soil moisture and, hence, lead
to an agricultural drought as crops become affected. In a later stage, the recharge to aquifers
and rivers may be reduced and a hydrological drought develops. When water demands cannot
be met by the water supply systems and economic activities and ecosystems seriously suffer,
a socio-economic drought is experienced [1–3].
On-site, one can relatively easily tell when one is experiencing a drought event. Yet,
operationally identifying a drought event on the basis of data is not that easy. Droughts
have no clear start and end, they can last for several months or years and progress from
one place to another. Furthermore, their intensity changes with place and time. As such, a
drought event may be more severe than what is being experienced at a certain location. Yet,
in the management of a drought, it is important to account for the full extent of the drought
as measures in one area may affect the water availability in another one.
When coping with drought events, it is very important to motivate people not to waste
water. Only if people are fully aware of the severity of the current situation, such a message
will be echoed and people will be encouraged to follow the measures taken to mitigate
(near-)future dramas. Communication plays a crucial role in creating public awareness. To
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that end, several options exist. However, most of the existing drought indices will not be
useful for this purpose as they are generally not understood by laymen and even not by
water managers in the field. In this paper, we address two options that make it possible
for the general public to assess the severity of the drought situation. The first option is to
compare the current drought situation to that of a historical drought. The second option
addresses the following question: what is the chance that an even worse drought would
occur? In this paper, the methodology is presented for providing an answer for both options.
To illustrate the approach, we make use of a database containing characteristics of drought
events in mainland Australia as characterised by Vernieuwe et al. [4].
In the first application, we illustrate how the characteristics of an ongoing drought
event, as experienced so far, can be compared with those of historical drought events. By
retrieving the most similar historical drought events, lessons learnt from past actions or
non-actions can be put into practice in order to improve the measures taken to cope with the
ongoing event. In the second application, a probabilistic copula-based model is identified
on the basis of which the probability of obtaining a more severe or supercritical event,
i.e., an event more severe than the ongoing event, can be computed. This value can then
be used in a communication strategy to increase public awareness of the rareness of the
ongoing event such that mitigation measures, such as a reduced water use, get respected.
The methodology presented here differs from the Severity-Area-Duration (SAD) ap-
proach [5], as for constructing SAD curves also partial drought events are selected and no
copulas are involved in describing the dependence between the variables. It also differs
from the approach using drought severity–duration–frequency curves [6], as in the latter
approach the extent of the drought events is not accounted for.
Copulas are commonly used to model the dependence between two random variables
in a flexible way as, in contrast to the modelling by e.g., a bivariate Gaussian distribution,
this modelling is performed independently of the univariate marginal distributions of the
random variables. Ample applications in hydrology have already used copulas (see, among
others, Pham et al. [7], Salvadori and De Michele [8], Serinaldi et al. [9], Song and Singh [10],
Vandenberghe [11], Wong et al. [12]). However, whenever the dependence between more
than two random variables needs to be modelled, the use of multivariate copulas is not
that popular as the theory becomes more complicated than in the bivariate case [11]. Yet,
vine copulas [13–15] have been introduced such that the multivariate dependence can
be modelled on the basis of a mixing of (conditional) bivariate copulas. Because of their
flexibility, also vine copulas are gaining popularity and are used in many hydrological
applications (see, among others, Pham et al. [7], Erhardt and Czado [16], Hao and Singh [17],
Pham et al. [18], Shafaei et al. [19]).
As stated before, this paper introduces two options that allow for a more effective
communication about droughts. To demonstrate this, we make use of a database assembled
by Vernieuwe et al. [4]. Yet, other databases could have been used as well. To provide some
insight in this database, Section 2 briefly explains both the data used and the methodology
that was used for the delineation of the drought events. Section 3 exemplifies how drought
events that are most similar to an ongoing event can be queried on the basis of the charac-
teristics of the ongoing and historical drought events. Section 4 elaborates on how one can
derive the probability of obtaining a more severe drought event. For this purpose, copulas
and vine copulas are briefly introduced and the use of a vine copula model for determining
the probability that a more severe drought event can be experienced, is illustrated. This sec-
tion also shows how a copula can be employed to distinguish subcritical from supercritical
events. Section 5 then formulates the conclusions.
2. Data Set and Data Pre-Processing
The data set used in this paper is obtained from Vernieuwe et al. [4] and contains
drought events in mainland Australia that were derived from the GLEAM v3.0a data
set [20,21] for the period from 1 January 1980 till 31 December 2014. The GLEAM data
set consists of daily root-zone soil moisture values at a 0.25◦ resolution. As explained in
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Martens et al. [20], the data have been estimated on the basis of satellite-observed soil mois-
ture, vegetation optical depth and snow water equivalents, reanalysis air temperature and
radiation and a multi-source precipitation product. This data set shows a slighter higher
quality compared to other GLEAM data sets when evaluated against in situ measured soil
moisture data [20]. As Australia is regarded as being vulnerable to the expected drying
trend of the next 50–100 years [22], daily data covering mainland Australia were selected
from this data set. The daily soil moisture values of the data set were first reprojected to
the Lambert Azimuthal Equal Area coordinate system with a resolution of 27.442 km ×
29.079 km.
Following the idea of Sheffield et al. [23] and Sheffield and Wood [24], percentile values
of soil moisture were used as this allows for a fair comparison between values at different
locations. On the basis of a neighbourhood identified around the pixel of interest, the empir-
ical cumulative distribution function for this neighbourhood was established and the soil
moisture value corresponding to the 10th percentile was identified. Values below this soil
moisture threshold then indicate that drought conditions are met. By doing so, a time series
of thresholded soil moisture images was obtained. From this time series, Vernieuwe et al. [4]
then identified the drought events as connected components in space and time through the
application of operators borrowed from mathematical morphology [25]. The purpose of
these morphological operators is to simplify images by retaining the essential information
and removing irrelevancies [26]. These morphological operators make use of the basic
operators erosion and dilation in order to remove salt-and-pepper noise.
To these delineated drought events,intensity, affected area and duration were assigned
as drought characteristics. The intensity and the affected area were derived as a weighted
average of the five largest daily values of the drought event, with decreasing weights for
decreasing values. This ensures that a drought is not fully characterised by an extent or a
maximal intensity only observed at one particular day, but that these characteristics are
representative of a longer period. We refer to Vernieuwe et al. [4] for a detailed explanation
of the delineation of drought events, in particular of how the weights used for averaging
were set.
In this paper, the database assembled by Vernieuwe et al. [4] containing the different
drought events with their corresponding intensity, affected area and duration, was used
as a basis for developing the two applications that are described in the following sections.
Of course, one could opt for an alternative approach to delineate the drought events, or
calculate the drought characteristics in a different manner.
3. Querying for the Most Similar Drought Event
When one is experiencing a drought event, it might be helpful for a water manager to
relate the ongoing drought event to historical drought events in order to better cope with
the event. Of course, one cannot predict the duration and intensity of and the area covered
by the drought event. Yet, as the drought event is proceeding, one might learn lessons from
past actions taken during a historical drought event that is similar to the one that is being
faced so far. This may then help to better estimate whether or not ongoing measures may
be adequate.
On the basis of drought characteristics, one is able to compute a degree of similarity
between the ongoing and the past drought events. To do so, the obtained values of the
characteristics are first transformed to I3 = [0, 1]3 such that the order of magnitude of the
different characteristics (e.g., the intensity takes values in the unit interval [0, 1], while the
affected area reaches values larger than 105 km2) does not influence the measure used.
This transformation can be accomplished by using the empirical cumulative distribution
functions of the characteristics. Further, the similarity between the past drought events and
the ongoing drought event can then be expressed by using the L1 (Manhattan) distance
(the sum of absolute differences), i.e., the drought event whose characteristics are situated
closest to those of the ongoing drought event is then regarded as the most similar drought
event. However, as it might be more helpful to water managers to focus on drought events
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that were at least as severe as the ongoing drought event, the search space in which the
most similar historical drought event is queried for, is restricted towards drought events
for which the values in I3 are slightly smaller than or effectively larger than these of the
ongoing drought event:




with x the point in I3 corresponding to the drought characteristics of the ongoing drought
event, Z the set of points corresponding to the drought characteristics of the historical
drought events, and z∗ the point in I3 corresponding to the most similar historical drought
event. By specifying z ∈ [x− 0.05, 1], the search space is restricted to drought events for
which the values of the characteristics in I3 are slightly smaller or effectively larger than
those of the ongoing event.
For instance, assume that the present is 2 November 2012, and that an ongoing drought
event is experienced at the location indicated by the black dot in Figure 1. For water
managers, it can then be interesting to know which of the historical drought events in the
database best resembles the ongoing drought event. To do so using the above-described
method, the characteristics of the ongoing event since its beginning until 2 November 2012
are determined as this day is regarded as the present. Table 1 lists the characteristics of the
ongoing drought event and in the first line the characteristics of its most similar drought
event according to Equation (1). One can see that the most similar drought event has a
slightly smaller affected area, a 29 days longer duration and is less intense than the ongoing
drought event. Yet, water managers might consider it to be more informative to learn from
measures taken for more than one similar historical drought event as drought characteristics
might be different. Therefore, the k most similar drought events, i.e., the top- k similar
drought events, can be selected according to Equation (1). The number of similar drought
events to retrieve can easily be decided by the water managers themselves. Table 1 lists as
an example the characteristics of the top-3 similar drought events. One can already see that
the affected area and the duration can substantially differ between the selected events. Ìt is
important to remark that it is essential to repeat this exercise while a drought is evolving, as
its characteristics will change over time. Therefore, other historical droughts may become











Figure 1. Drought events occurring, on 2 November 2012 in Australia displayed in the Lambert
Azimuthal Equal Area coordinate system with a resolution of 27.442 km × 29.079 km. The three
different drought events are given different colors.
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Table 1. Characteristics of drought event at 2 November 2012, experienced at the location indicated
in Figure 1 and characteristics of the three most similar drought events in mainland Australia or that
include the location.
Affected Area Duration Intensity
[km2] [days] [−]
ongoing event
3.83 105 59 0.999891
three most similar drought events in mainland Australia
3.53 105 88 0.999889
4.06 105 49 0.999885
4.50 105 114 0.999890
three most similar drought events at the location indicated in Figure 1
3.53 105 88 0.999889
4.06 105 49 0.999885
4.04 105 109 0.999891
Alternative interesting queries can also be performed in order to inform people on-site
about most similar historical drought events for the given location or time of the year. In
the first case, a constrained query has to be performed such that only drought events that
affected the given location can be returned by the query. For instance, for the location
indicated by the black dot in Figure 1, other historical drought events also might have
affected this location. By constraining the query to only these drought events, most similar
drought events might be obtained for which the people on-site might show more affinity.
In the second case, the query can be constrained to the given time of year. For instance,
one might wonder which most similar historical drought event also contained November
the 2nd.
Table 1 shows the results of the constrained query for droughts at the location of the
black dot in Figure 1 that are similar to the ongoing drought event. One can already see
that two of the three most similar drought events listed in this table were drought events
that occurred at the location indicated in Figure 1. The third drought event listed in Table 1
was a drought event that affected the South-East of Australia. The characteristics of the
third drought event do not majorly differ from those of the similar drought events given
in Table 1. It was noted when performing this constrained query that only four drought
events met the severity (see Equation (1)) and the location constraint. Only from these four
drought events the (three) most similar drought events had to be selected. When one is
interested in finding similar drought events that occurred in a specific region, province,
etc., this location-specific query can of course be extended. Regarding the most similar
drought events that also contained November the 2nd (in some year between 1980 and
2014), the same events as for the location-specific query were found. Also in this case, only
six drought events met the constraints. Similarly as for the location-specific query, this
time-specific query can be extended to retrieve drought events that took place during some
specified period of the year.
4. Probabilistic Comparison of the Ongoing Drought Event to Historical
Drought Events
On the basis of a probabilistic model, fitted to the identified drought characteristics,
questions may be answered about the probability that historical drought events were
less severe than the one being experienced. To do so, a flexible probabilistic model that
incorporates the existing dependence structure between two or more stochastic variables,
independently of their marginal distributions, i.e., a copula, is used. A bivariate copula or
2-copula is a function C : I× I→ I that satisfies:
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1. for all u1,u2 ∈ I,
C(u1, 0) = 0 and C(0, u2) = 0 (2)
C(u1, 1) = u1 and C(1, u2) = u2
2. for all u1,1, u1,2, u2,1, u2,2 ∈ I for which u1,1 ≤ u1,2 and u2,1 ≤ u2,2:
C(u1,2, u2,2)− C(u1,2, u2,1)− C(u1,1, u2,2) + C(u1,1, u2,1) ≥ 0 . (3)
For two random variables X1 and X2, a bivariate copula combines their marginal
cumulative distributions F1 and F2 into the bivariate cumulative distribution function F12:
F12(x1, x2) = C12(F1(x1), F2(x2)) = C12(u1, u2), (4)
which is also known as the theorem of Sklar [27]. Here, x1, x2, u1 and u2 are values of
the random variables X1, X2, U1 and U2, with U1 and U2 uniformly distributed on I.
This theorem is crucially important as it allows for the modelling of the joint distribution
function to be performed in two independent steps [8,28]: firstly, the modelling of the
marginal distribution functions and, secondly, the modelling of the dependence structure.
Figure 2 explains the concept of a copula and how the marginal distribution functions are
related to the copula. This figure shows the transformation of two random variables X1 and
X2 to the uniform random variables U1 and U2 by means of their cumulative distribution
functions F1(x1) and F2(x2). Given a data set with data points (x1,i, x2,i), i = 1 . . . n, with
n the number of data points, a copula C12(u1, u2) is fitted to the couples of transformed
values (u1,i, u2,i) of (x1,i, x2,i) and describes the dependence between the variables U1 and
U2 and hence between X1 and X2.
Figure 2. Schematic representation of a copula C(u1, u2) fitted to the marginals F1(x1) and F2(x2).
The theory of bivariate copulas can be extended to multivariate copulas such that the
dependence between more than two variables can be modelled. Yet, using multivariate
copulas has several drawbacks such as the increase in dimensionality which complicates
the theory of multivariate copulas [11]. In order to mitigate the disadvantages of using
multivariate copulas, a vine copula, a flexible construction method based on the mixing
of two-dimensional copulas, has been introduced in the work of Bedford and Cooke [15].
Vine copulas have already shown their potential in financial (see, among others, Pircalabu
and Jung [29], Zhang [30], Al Janabi et al. [31]) and hydrological applications (see, among
others, Pham et al. [7], Erhardt and Czado [16], Hao and Singh [17], Pham et al. [18], Shafaei
et al. [19]).
Figure 3 schematically represents the structure of a three-dimensional vine copula.
In the first tree, two copulas are fitted to the values of the variables U1 and U2 and to the
values of U2 and U3. Recall that these variables are the transformed variables of the random
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variables X1, X2 and X3. On the basis of these two copulas C12 and C23, the conditional
distributions F1|2 and F3|2 can be determined as follows:









Using these expressions, for all values (u1,i, u2,i, u3,i) of (U1, U2, U3), the values in
the conditional cumulative distribution functions can be calculated. These values then
serve as input to fit another copula C13|2, as illustrated in the second tree. In this way, the
dependence between the three input variables is taken into account and the fitting is split
in several stages, which results in a flexible construction method. The joint probability
F123(x1, x2, x3) = P{X1 ≤ x2, X2 ≤ x2, X3 ≤ x3} = C123(u1, u2, u3) can then be calculated
as follows [11]:













In the above-described example, the second variable is used as the conditioning
variable. Furthermore, each of the bivariate copulas used in a vine copula can be selected
from a large number of copula families, which enables the modeling of a wide range of
dependence structures [13]. For a more detailed explanation of vine copulas, we refer to
Aas et al. [13].
Figure 3. The principle of hierarchical nesting of bivariate copulas in the construction of a three-
dimensional vine copula through conditional mixtures.
On the basis of the constructed vine copulas, the probability of observing a less severe
event can be derived. Suppose for reasons of simplicity that a drought event is only
described by two characteristics. Hence, their dependence is described by means of a
bivariate copula. For each copula, level curves can be defined as the set of couples (u1, u2)
that have the same value in the copula:
Lw = {(u1, u2) ∈ I2 | C12(u1, u2) = w} , (7)
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with 0 < w ≤ 1. Figure 4 schematically represents the level curves of a copula. Furthermore,
the set BC(w) defined as:
BC(w) = {(u1, u2) ∈ I2 | C12(u1, u2) ≤ w} , (8)
is then the region in I2 below the level curve Lw. This region is indicated in yellow in
Figure 4. With this region, a probability KC12(w) is associated:
KC12(w) = P{F12(X1, X2) ≤ w} = P{C12(F1(X1), F2(X2)) ≤ w} . (9)
Figure 4. Level curves (black) of a bivariate copula, the region (yellow) corresponding to the
probability of observing a less (subcritical) event and the region (red) corresponding to the probability
of observing a worse (supercritical) event than an event located on the blue level curve.
Hence, KC12 is the cumulative distribution function of the random variable
W = C12(U1, U2). In practice, for an ongoing drought event with values (x1, x2) of the
characteristics, and corresponding transformed values (u1, u2), its value w = C12(u1, u2)
can be calculated, and KC12(w) can be interpreted as the probability of observing a subcriti-
cal or less severe event than the given event. By extending this reasoning to vine copulas,
the probability of observing a less severe drought event than an ongoing drought event can
be calculated on the basis of the value in the joint cumulative distribution function values
of the drought characteristics:
KC123(w) = P{F123(X1, X2, X3) ≤ w}
= P{C123(F1(X1), F2(X2), F3(X3)) ≤ w} .
(10)
For an ongoing drought event, given its characteristics and corresponding transformed
values (u1, u2, u3), its value w = C123(u1, u2, u3) can be calculated, and the probability of
observing a less severe drought event is then calculated as the probability to obtain smaller
values than C123(u1, u2, u3):
KC123(w) = P{C123(U1, U2, U3) ≤ C123(u1, u2, u3)} . (11)
In order to obtain the probability of observing a worse or supercritical drought event,
1− KC123(w) can be used, i.e., the probability of observing an event for which the value
in the copula C123 is higher than the value of the currently observed event. The region
associated with the probability of observing a supercritical event for a bivariate copula is
conceptually indicated in red in Figure 4. By calculating the value of KC123 for an ongoing
drought event, one is thus able to estimate its severity on the basis of the dependence
between its three characteristics, affected area, duration and intensity. In this way, KC123
can be used to express the drought severity. Note that drought events with the same value
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of KC123 are situated on the same level curve of the copula C123. These drought events will
hence have different values of the characteristics, yet as they have the same value of w and
KC123(w), they have an equal probability of observing a less severe or subcritical event.
As a means to construct the vine copula, copulas from the Gaussian, the t, the Frank,
the Clayton and the Gumbel families were employed to search for the most suitable bivariate
copulas in the vine copula. These copula families are well known and have already proven
their usefulness in hydrological studies [32]. To select the best fitting bivariate copulas, the
Akaike Information Criterion (AIC) was used. The structure of the vine copula was selected
as the maximum spanning tree [33] with edge weights given by the values of Kendall’s
tau (τK), i.e., a measure describing the dependence between two variables connected by
the edges. Furthermore, the White goodness-of-fit test [34] was carried out to further test
whether the dependence in the data is well described by means of the selected copulas. The
R-package VineCopula [35] was used to identify the vine copula and perform the White
goodness-of-fit test.
Before constructing the marginal cumulative distribution functions, noise that is several
orders of magnitude smaller than the smallest non-zero difference between any two values
in the series, was added to the characteristics as to prevent the occurrence of tied ranks,
which is to be avoided when fitting copulas to data [36]. As explained before, the marginal
cumulative distributions were used to transform each of the drought characteristics to I
such that copulas can be fitted. Table 2 shows the structure of the vine copula and the copula
families selected for describing the dependence of the drought characteristics. In this table,
the first variable refers to affected area, the second to the duration and the third to intensity.
Furthermore, the values of Kendall’s tau are also listed. A positive (resp. negative) value
reflects a positive (resp. negative) dependence. A value of zero indicates independence.
These values show that drought duration is positively associated with drought intensity and
affected area. The longer the duration, the more intense the drought event and the larger its
affected area. The conditioned variables also show a positive, yet less strong dependence.
The White goodness-of-fit test yields a p-value of 0.658 ≥ 0.05, which indicates that the
dependence structure can be described by these copula families. Table 2 furthermore shows
that the vine structure corresponding to the maximum spanning tree uses drought duration
as the conditioning variable.
Table 2. Copula families, structure of the vine copula and values of Kendall’s tau τK . Subscripts 1, 2





On the basis of the determined vine copulas, the values in the cumulative probability
distribution KC123 can be determined. To do so, these values were numerically estimated by
means of the algorithm by Salvadori et al. [37]. For each of 10,000 samples (u1, u2, u3), the
corresponding value C123(u1, u2, u3) is calculated. The value in the cumulative distribution
function KC123 is then estimated as the percentage of samples that have a CDF value below
that of the ongoing drought event. Table 3 lists the probability of observing a less severe
drought event for the characteristics of the ongoing drought event, as experienced on 2
November 2012, and for its characteristics upon completion of the event. It is observed
that for the ongoing drought event, these values are larger than 0.9, showing that there
is a large probability that drought events are less severe. This indicates that the ongoing
event is already quite severe compared to the other observed events in the database. As to
be expected, the value in the cumulative distribution function KC123 increases as the event
advances (see Table 3), although for the ongoing event this increase is minimal as the event
is near its end at 2 November 2012. Also, in this case, the calculation of the probability to
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obtain subcritical events is best performed regularly while the event is evolving, as the
characteristics of the ongoing drought event will change and measures to be taken might
have to be readjusted.
Table 3. Values in the cumulative distribution function KC123 of the characteristics of the ongo-
ing drought event as experienced at 2 November 2012 (KC123 (wo)) and of its characteristics upon
completion of the event (KC123 (wc)).
KC123(wo) KC123(wc)
0.9776 0.9814
As the general public understands the concept of chance, using the derived probability
in communicating about an ongoing drought event may help laymen to assess its severity
and the rareness of its occurrence. Especially when very low chances are reported of having
a more severe drought, people may become more inclined to follow water saving guidelines
issued by the governments or water managers. Furthermore, it should be possible to define
the return period of the ongoing drought event based on the derived probability. This
value, which provides an average time between two drought events with a severity that
is at least equal to that of the ongoing event, may further help laymen to understand the
rareness of the situation they face. However, since various definitions of return period are
available in a multivariate context [38], further research is needed to pinpoint which type
of return period can best be used for communication purposes.
However, one should be careful when using probabilities, especially in view of climate
change, as droughts are expected to occur more often. As such, the probability distribution
that corresponds to the current droughts may change in time, causing also the probabilities
of occurrence to change (and thus also the corresponding return periods). Yet, the analysis
described in this paper assumes that the different events belong to the same distribution,
and that the stationarity assumption is fulfilled. To the best of our knowledge, no statistical
tools are yet available to account for the non-stationarity induced by climate change, while
greatly needed. One way for coping with this, while still using the classical stationarity-
assuming tools, is to only include droughts of a recent past (e.g., the previous 30 year),
assuming that within the time frame used, the climate can be considered as near-stationary.
Of course, the shorter the time frame, the smaller the impact of the stationarity assumption.
However, shorter time frames result in less droughts, which may therefore lead to an
underfitting of the multivariate distribution. Finding the optimum length of such time
frame requires further research.
5. Conclusions
In view of the management of a drought, it is crucial that water managers as well as
the broad public are aware of the severity of the ongoing event. Communication plays
a crucial role in creating this awareness. Although several drought indices have been
proposed in literature, they cannot be used in drought communication as they are generally
not understood by laymen. Referring to historically similar droughts can help people to
assess the severity of the ongoing event. Alternatively, expressing the chance that a drought
event could be worse than the ongoing one also provides insight in its severity, since this
concept is easily understood by most people.
This paper lays out the methodology needed to provide a solution to either option.
To do so, drought events in mainland Australia, as identified by Vernieuwe et al. [4] were
used, along with the affected area, duration and intensity as drought characteristics. These
spatio-temporal drought events were derived from a 35-year GLEAM data set of daily soil
moisture at a 0.25◦ spatial resolution [20].
It is illustrated that, on the basis of the characteristics of an identified drought event,
the database of historical drought events can be queried such that similar drought events
can be identified. Besides using this information to increase the public awareness, this
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query can also help water managers to incorporate lessons learnt from the past in order to
better cope with the ongoing drought event, and as such anticipate the future.
The second application unfolded in this paper addresses the question on the chance of
the occurrence of a more severe drought. To that end, a probabilistic model that makes use
of a vine copula to account for the dependence between drought intensity, duration and
extent, can be used in order to determine the probability to experience a more severe or a
supercritical event and hence conclusions about the severity of the event can be drawn.
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